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Heterologous gene expression can be a significant burden to cells, consuming resources and 6 
causing decreased growth and stability. We describe here an in vivo monitor that tracks E. 7 
coli capacity changes in real-time and can be used to assay the burden synthetic constructs and 8 
their parts impose. By measuring capacity, construct designs with reduced burden can be 9 
identified and shown to predictably outperform less efficient designs, despite having equivalent 10 
expression outputs. 11 
Robust expression of heterologous genes is necessary for many applications in biotechnology and is 12 
central to synthetic biology where predictable fine-tuning of expression is typically desired1-3. 13 
However, for engineered bacteria all heterologous expression represents an unnatural load, 14 
consuming cellular resources usually allocated to replication, repair and native gene expression 15 
(Figure 1A). Gene expression burden is a well-known phenomenon characterised by decreased 16 
growth rates that can predispose synthetic constructs to evolutionary instability and can 17 
unexpectedly alter their behaviour4-10. Burden presents a major barrier to predictable and stable 18 
engineering of cells, yet it is largely an unquantified phenomenon, inferred in most cases by tracking 19 
growth rate decline5, 6, 11. Recent research has begun to explore burden, demonstrating how its 20 
impact varies between different E. coli strains6, 11 and showing how expression load can be measured 21 
in vitro using cell-free extracts12. However, an improved way of quantifying how heterologous gene 22 
expression imposes burden in vivo has yet to be described, despite the arrival of new models of 23 
bacterial growth that outline the importance of expression resources for the cell13-15. 24 
To advance in vivo quantification of burden we developed a fluorescence-based method to measure 25 
in real-time the gene expression capacity of bacterial genomes. We built integration vectors to insert 26 
a ‘capacity monitor’, a synthetic constitutive green fluorescent protein (GFP) expression cassette, 27 
into defined genomic loci of commonly-used E. coli strains (Figure S1); reasoning that because this 28 
cassette lacks regulation, changes in GFP expression due to global expression changes will reflect 29 
changes in resource availability16. To demonstrate how the capacity monitor improves on using 30 
growth rates to assess burden, we measured GFP expression rates from the genome of DH10B E. coli 31 
hosting an operon-expressing plasmid induced at different time-points during exponential growth 32 
(Figure 1B). Capacity (determined as GFP production rate per cell) decreases significantly compared 33 
to uninduced cells within 30 minutes of construct induction, and this rapid change contrasts with the 34 
smaller, slower decreases in growth observed when culture optical density is measured. The fact 35 
that capacity changes precede growth rate changes supports the view that decreased expression 36 
resources causes growth rate decline and underlines the value of this approach.  37 
Having demonstrated that capacity changes within an hour of induction can be used to measure the 38 
burden a construct imposes on its host, we developed a routine plate-based assay to measure the 39 
performance of synthetic constructs in DH10B and MG1655 E. coli (Figure 1C). This can be used to 40 
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quantify the impact of induced and uninduced constructs and dissect how construct composition 1 
causes burden by comparing the capacity of empty plasmids to those containing construct parts 2 
(Figure 1D). In both DH10B and MG1655 cells, capacity is decreased by plasmid maintenance and 3 
further decreased as the DNA parts that compose constructs are added. Capacity decreases in both 4 
strains lead to subsequent growth rate decreases of similar magnitude (Figure S2). Induction of 5 
expression from constructs gives the greatest decreases in capacity and these vary significantly 6 
depending on the size and function of the genes being expressed. The burden caused by the 7 
different parts of expression constructs can be calculated from measured capacity and used to 8 
identify those with the greatest cost to the cell (Figure 1E). As well as determining the cost of the 9 
different parts this also reveals that the impact of these can vary between different strains. The 10 
induction of plasmid-encoded AraC was seen to be a cost to DH10B cells but not to MG1655, 11 
presumably due to the different genotypes of these strains (DH10B has deletion of multiple Ara 12 
genes). The assay also allows interchangeable parts to be assessed so that different design options 13 
can be compared. AraC-based regulation imparts less burden than other well-known inducible 14 
systems such as those employing the TetR, LuxR and LacI transcriptional regulators (Figure S3). RNA-15 
based regulation, for example with an inducible riboswitch, has even less cost to the cell due to less 16 
resources being required for its operation (Figure S4). 17 
The magnitude of burden imposed by heterologous expression is a product of how much capacity its 18 
expression uses and whether the proteins expressed have specific functions that are detrimental to 19 
the cell. While redesigning constructs to not produce proteins that interact negatively within the 20 
host is a challenge specific for each case, we reasoned that it would be possible and generalisable to 21 
redesign constructs to have reduced burden by having less impact on expression capacity. To 22 
explore this, we used the capacity monitor to assess a library of designs of inducible constructs that 23 
express a large protein that has no function in our cells. For this we chose the C. violaceum enzyme 24 
VioB, as neither its substrate nor product are present in E. coli. This was fused to a downstream 25 
mCherry reporter to enable quantification. Using parts and design tools developed to enable 26 
predictable tuning of gene expression, we varied the VioB-mCherry output within the library by 27 
changing plasmid copy-number, the core promoter and ribosome binding site (RBS) strengths and 28 
using E. coli codon-optimised and de-optimised versions of the VioB coding sequence (See Figure S5 29 
and Supplementary Information for full details). Using the capacity monitor assay, we quantified the 30 
burden placed on DH10B cells whilst simultaneously measuring construct output as the rate of red 31 
fluorescence production per cell (Figure 2A). The same analysis was also performed for MG1655 32 
cells (Figure S6). In both cases all constructs displayed low output with high capacity and growth 33 
when uninduced, except construct H1, which had leaky promoter repression. A variety of different 34 
outputs were measured 1 hour post-induction, which verified the construct changes designed to 35 
increase or reduce expression. Generally greater output was matched by decreased capacity and the 36 
measured capacity correlated strongly with the growth rate (Figure 2B). In contrast, a precise 37 
inverse correlation between construct output and cell capacity was not observed (Figure 2C), and 38 
revealed instead that some designs proportionally take up greater capacity per construct output 39 
(e.g. construct M1) and are therefore less efficient for the host cell; where efficiency defines a 40 
measure of simultaneously maximising both construct output and cell capacity. 41 
For our construct library all of the inefficient designs were seen to be those expressing with a strong 42 
RBS (Figure 2C, red points). To verify that RBS strength was the cause of inefficiency, we also 43 
characterised constructs with an alternative 5’UTR strong RBS sequence and this gave equivalent 44 
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results (Figure S7). The significance of the RBS in determining burden supports previous work that 1 
has highlighted the cell’s translational resources, particularly the ‘free ribosome pool’ as the critical 2 
factor for optimal cell growth and gene expression14, 15, 17. To mathematically test this hypothesis and 3 
to guide the design of efficient gene expression constructs, we implemented a translation model of 4 
heterologous expression that takes into account ribosome availability18. This model describes the 5 
steps of translation initiation, elongation and ribosome release along a translating mRNA when 6 
available ribosomes are finite. This model can be used to simulate in vivo gene expression via a 7 
Python script provided in the Supplementary Information. Using this model, the impact of varying 8 
the amount of mRNA (adjustable by promoter strength and/or plasmid copy-number), the RBS 9 
strength and the translation rate (adjustable by codon choice) can be explored. Despite the model 10 
only accounting for effects on shared translational resources, it is able to predict the burden 11 
phenotypes that we observe experimentally where construct output and capacity monitor 12 
expression change as construct design is modified (Figure S8). The model also describes how rare 13 
codons or other sequences that slow translation elongation only impact designs with a strong RBS 14 
(Figure S9) and this qualitatively matches the experimental data collected for de-optimised VioB 15 
(Figure 2A). Importantly, the model allows the available design-space for a construct to be simulated 16 
to determine the designs with the greatest simulated expression efficiency; those with the greatest 17 
construct output for the least use of ribosomes (Figure 2D & S10). Both the capacity assay (Figure 18 
2A) and these simulated data predict that a high-copy weak RBS construct (H3) is more efficient than 19 
a medium-copy strong RBS construct (M1) with similar output levels, despite the former requiring 20 
more construct DNA and mRNA per cell. Greater efficiency should result in faster, more robust 21 
growth of cells and so greater construct output from batch growth. To verify this prediction, we 22 
scaled-up the expression of H3 and M1 constructs to shake-flask scale and measured total output 23 
after overnight induction. In both DH10B and MG1655 cells, total output was significantly greater at 24 
any time-point when H3 was used instead of M1. This was largely due to faster growth of H3-25 
expressing cultures (Figure S11) but also due to escape mutations occurring in M1 cultures that led 26 
to the growth of cells with no construct output (Figures S12 & S13). These results demonstrate that 27 
expression designs with reduced burden give greater yields and superior genetic stability, and that 28 
selection of such constructs can be achieved by measuring capacity and accounting for its 29 
importance in designs. Importantly, the underlying model relies on generic assumptions that 30 
typically hold true in various contexts18. Consequently this model can aid in forward design by 31 
predicting the burden of expressing alternative genes. As a test of its predictive use in a different 32 
context, we employed the same model to correctly predict the effects on cell capacity and construct 33 
output of expressing an unrelated short protein (scFv) both with and without codon-optimisation 34 
(Figure S14). 35 
Quantifying capacity as described here offers a practical route to measuring the burden of 36 
heterologous expression in real-time and provides vital new information to direct efficient 37 
engineering for synthetic biology. Loss of capacity is detected rapidly upon induction of gene 38 
expression and precedes and presumably causes growth rate decreases as expression resources 39 
become depleted (Figures 1B & S2). Where the genes expressed have no specific function 40 
deleterious for cells, measured capacity strongly correlates to growth rate (Figure 2B), meaning that 41 
it can predict the growth rate of engineered cells and determine which constructs will perform 42 
better in long-term culturing. Using the capacity monitor, the impact of different parts and designs 43 
can be assessed and these can then be optimised to reduce burden or increase it if desired. 44 
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Specifically in the case of expression of a large protein, design changes that increase translational 1 
efficiency, such as using a weaker RBS and optimised coding sequence, reduce the burden on cells by 2 
preventing ribosomes getting queued on translating mRNAs where they are unnecessarily 3 
sequestered from the free ribosome pool. Avoiding ‘over-initiation’ of translation is emerging as an 4 
important new design rule19 and our model suggests that the optimal RBS is one that recruits 5 
ribosomes into elongation at a rate identical to (or just below) the rate at which they move along the 6 
slowest section of mRNA. 7 
In cases where two different constructs perform similar tasks, our work suggests that the design 8 
with the least impact on the amount of free ribosomes is likely to impart the least burden. In this 9 
regard, RNA-based regulators20 should be preferable to transcription factors and biological analog 10 
circuits21 would outperform equivalent circuits made from transcription factor logic gates22. 11 
Removing the need for continual protein expression from constructs would also reduce burden 12 
during long-term culturing. Recently described constructs that write the memory of events into 13 
genomic DNA23 could be assayed to determine if they give less burden than established bistable 14 
switches that require continual transcription factor expression to maintain memory24. 15 
By measuring capacity in alternative strains, genotype-specific differences in burden can also be 16 
revealed that aid in selecting the optimal host for heterologous expression. Despite DH10B having an 17 
inactivated stringent response, its response to induced expression was equivalent to MG1655, 18 
indicating the initial burden response to be ppGpp-independent. We believe that the main burden of 19 
gene expression is simply a result of gene expression resource depletion, which has the greatest 20 
impact on cells growing close to their maximum rate. Since such depletion constitutes a fundamental 21 
process common to all dividing cells, it is likely that this work could be extended beyond E. coli and 22 
be applied to other rapidly dividing organisms, such as S. cerevisiae yeast. Already, the vectors we 23 
provide for capacity monitor integration can be used in other bacteria with compatible att loci25 and 24 
the accompanying Python script for translation simulation is general and so appropriate for broad 25 
use. 26 
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Figure Legends 1 
Figure 1. The capacity available for E. coli gene expression can be indirectly measured to quantify burden. (A) 2 
Schematic representation of the capacity monitor implemented in E. coli by genomic integration of a synthetic 3 
GFP expression cassette. Changes in the monitor expression rate report real-time changes in the shared 4 
resources of the cell that heterologous expression draws upon. (B) Effect on the measured capacity (left) and 5 
growth (right) of DH10B E. coli when expression of a 6-gene Vibrio luciferase (Lux) operon from a high-copy 6 
plasmid is triggered by L-arabinose induction at two independent time points (0 and 120 min, green and red 7 
arrows, respectively) during 4.5 hour of exponential growth. DH10B::GFP have the capacity monitor integrated 8 
into the genome at the λ locus, DH10B is the unmodified parent strain. Capacity is determined by the change 9 
in total GFP (a.u.) per cell over 1 hour and growth is measured by optical density at 600 nm (OD600). Error bars 10 
represent the standard deviation of 3 technical repeats. (C) Illustration of method to assay plasmid construct 11 
burden in bacterial cells by measuring capacity changes via GFP production. (D) The measured capacity of GFP+ 12 
DH10B and MG1655 cells and cells transformed with plasmid either containing no insert, containing the AraC-13 
pBad regulator-promoter cassette, or containing complete constructs giving Lux operon expression, firefly 14 
luciferase operon expression (Luc), or expression of the synthetic human gonadotropin protein (sCG). Solid 15 
green bars indicate L-arabinose-induced samples 1 hour post-induction and hatched bars indicate uninduced. 16 
Error bars represent the standard error of 3 independent repeats. (E) The loss of capacity due to the parts, 17 
plasmid and inducers used for the constructs shown in D in DH10B and MG1655 cells. Cumulative burden is 18 
expressed as a percentage of the total capacity measured for untransformed GFP+ cells, with ±% showing the 19 
standard deviation. Calculation of values is described in the Online Methods. 20 
 21 
Figure 2. Exploring the relationship between capacity, growth rate and construct output for a combinatorial 22 
library of constructs that inducibly-express a VioB-mCherry fusion protein. (A) Measurement of construct 23 
output, capacity and growth rate of different designs 1 hr post-induction in DH10B cells in exponential growth. 24 
Bold text indicates the use of strong core promoter and RBS sequences, and regular text indicates weaker 25 
versions. Solid bars show L-arabinose-induced samples and hatched uninduced. Capacity is measured as 26 
before and Output is measured as the change in total red fluorescent protein (RFP) detection per cell over 1 27 
hour. Error bars represent the standard error of 3 independent repeats. (B) Plot of growth rate versus capacity 28 
for the library constructs. Grey data points are uninduced constructs, blue are induced weak RBS constructs 29 
and red are induced strong RBS constructs. Correlation coefficient (R-squared value) is determined by linear 30 
regression analysis. (C) Plot of capacity versus output for the same constructs. Constructs H3 and M1 and an 31 
unattainable region beyond total capacity (grey shading) are highlighted. (D) Heatmap of simulated expression 32 
efficiency when mRNA amount and RBS strengths are varied for codon-optimised library constructs. Locations 33 
of simulations that map to constructs H3 and M1 are shown. Normalised expression efficiency is calculated as 34 
the product of output and number of free ribosomes, normalised to the maximum efficiency value. (E) Total 35 
VioB-mCherry output of H3 and M1 in DH10B and MG1655 E. coli when grown induced for 24 hour in shake-36 
flasks. Output is the total red fluorescence per 200 μl of culture. Error bars show standard error of 3 37 
independent repeat experiments. Large error (*) is seen for M1-MG1655 cultures due to null output escape 38 
mutants arising in one repeat. 39 
  40 
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Online Methods 1 
Bacterial strains and DNA constructs. Strains MG1655 [K-12 F- λ- rph-1] and DH10B [K-12 F- λ- araD139 Δ(araA-2 
leu)7697 Δ(lac)X74 galE15 galK16 galU hsdR2 relA rpsL150(strR) spoT1 deoR φ80dlacZΔM15 endA1 nupG recA1 3 
e14- mcrA Δ(mrr hsdRMS mcrBC)] were obtained from the National BioResource Project (NBRP) Japan. All 4 
synthetic genes were codon-optimised for efficient expression in E. coli by DNA2.0 (Menlo Park, CA). RBS 5 
sequences were designed using RBS Calculator Software provided by Denovo DNA (State College, PE). The 6 
capacity monitor cassette consists of a synthetic strong constitutive promoter, synthetic RBS, codon-optimised 7 
superfolder GFP coding sequence and synthetic unnatural bidirectional terminator (see Figure S1 and Table 8 
S1). To create genomic integration cassettes for this, it was cloned into into CRIM integration vector plasmids 9 
pAH63 and pAH15325 between existing EcoRI and PstI restriction sites, propagating these in pir-116 10 
electrocompetent E. coli cells (Cambio, UK). These plasmids can then integrate the capacity monitor cassette 11 
by CRIM integration into the lambda (pAH63) or phi80 (pAH153) loci of E. coli genomes, co-transforming with 12 
helper plasmid pINT-ts25 and selecting with 50 μg/ml kanamycin (Figure S1). Subsequent capacity monitor-13 
containing strains (all lambda-integrated in this study) can be propagated without selection and transformed 14 
with construct plasmids for testing by electroporation. Details of the design, acquisition and construction of all 15 
of control and construct plasmids assessed with the capacity monitor in this study are provided in the 16 
Supplementary Information. 17 
 18 
Burden assay and time-course. For the burden assay (Figure 1C), E. coli cells with and without plasmid 19 
constructs were grown overnight with aeration in a shaking incubator at 37°C in 5 ml defined supplemented 20 
M9 media with the appropriate antibiotic. In the morning, 20 μl of each sample was diluted into 1 ml of fresh 21 
medium and grown at 37°C with shaking for a further hour (outgrowth). 200 μl of each sample at 22 
approximately 0.1 OD600 were then transferred into a 96-well plate (Costar) and placed in a Synergy HT 23 
Microplate Reader (BioTek, Winooski, VT) and incubated with 1000 rpm orbital shaking at 37°C for 3 hrs 24 
performing measurements of GFP (ex. 485nm; em. 528 nm), RFP (ex. 590nm; em. 645nm) and OD (600 nm) 25 
every 30 min. 60 min into the incubation, the plate was briefly removed to add inducer to wells and this time 26 
point was set as time zero. All burden assays were repeated independently on three different days and to 27 
avoid inhibition of arabinose-induced expression due to catabolite repression, 0.4% fructose was used as the 28 
main carbon source. For the burden time-course experiment (Figure 1B), the same procedure was applied, but 29 
with the 96-well plate prepared with cells initially at 0.02 OD. The plate was then placed into the Microplate 30 
Reader and incubated and measured as above, first with a pre-growth of 60 min to ‘time zero’ before 300 min 31 
of growth for the time-course. L-arabinose was added to appropriate wells at 0 min and 120 min. Final inducer 32 
and antibiotic concentrations used in assays were; L-arabinose 0.2%, ampicillin 100 μg/ml, and 33 
chloramphenicol 34 μg/ml. 34 
 35 
Data analysis. For the burden assay, growth and protein expression rates per hour were calculated as 36 
previously described5 with growth ratet2 = ln(ODt3) - ln(ODt1)/ (t3-t1), GFP expression ratet2 = ((total GFPt3) – 37 
(total GFPt1)/(t3-t1))/ ODt2, and RFP output ratet2 = (((total RFPt3) – (total RFPt1)/(t3-t1))/ ODt2 )+ 400; where t1 = 38 
30 min post-induction, t2 = 60 min post-induction and t3 = 90 min post-induction. 400 was added to all RFP 39 
output rates to account for the background red fluorescence of M9 media which decreased at a rate of 40 
approximately 400 RFP hr-1 as it was consumed by cells during growth. Mean rates and their standard error 41 
were determined from the rates measured in experiments done independently on 3 different days. For the 42 
burden time-course, the same analysis was applied but calculating values for 30 min time points over 4.5 hours 43 
for each sample. Mean OD600 and expression rates and their standard deviation were determined from values 44 
calculated from 3 independent wells of the same plate. To calculate the burden cost for each step in the table 45 
(Figure 1E), cumulative burden is calculated by subtracting the capacity percentage of the construct from that 46 
of the construct immediately above. For Ara induction, the value is subtracted from its uninduced equivalent. 47 
For TOTAL cumulative burden (with and without Ara), values are the percentage decrease in capacity of the 48 
full system (Lux, Luc or sCG) compared to capacity of untransformed GFP+ cells (100%). Error is expressed as 49 
±% and is calculated from standard deviation values. 50 
 51 
Simulated expression efficiency. Simulation of the experimental results of Figure 2A (Figure S7) and 52 
justification of the parameters chosen for this are described in the Supplementary Information, along with 53 
details of the Python simulation script. To determine the efficiency of design space (Figure 2D), simulations of 54 
all different mRNA numbers (steps of 100 from 100 to 5000) and RBS strengths (steps of 0.1 from 0.1 to 10) 55 
were performed. A heatmap of efficiency at steady state was then generated using MatLab (MathWorks, 56 
 8 
Natick MA), calculating normalised expression efficiency as the product of simulated construct output and 1 
simulated free ribosomes, normalising all calculated expression efficiency values to the maximum value in the 2 
simulated design space. Simulated expression efficiency without normalisation was also determined and 3 
visualised as heatmaps alongside equivalent heatmaps for the simulated circuit output (Figure S10). 4 
Shake-flask scale growth. Constructs H3 and M1 were assessed in DH10B and MG1655 E. coli over 24 hours of 5 
exponential growth in media with inducer, and repeated in full on 3 consecutive days. Starter cultures of H3-6 
DH10B, H3-MG1655, M1-DH10B and M1-MG1655 were grown with shaking at 37°C from individual colonies 7 
taken from a plate for 5 hour in 3 ml of supplemented M9 with 0.4% fructose, 34 μg/ml chloramphenicol. 8 
Starter culture for each was then diluted to OD600 0.015 and 50 μl of this (~150,000 cells) was used to 9 
inoculate batch cultures of 50 ml supplemented M9 with 0.4% fructose, 0.2% L-arabinose, 34 μg/ml 10 
chloramphenicol in 500 ml baffled shake-flasks. Shake-flask cultures were grown with shaking at 37°C for 16 11 
hours, and then 1 ml of culture was removed from each flask every 2 hour until 24 hour. 200 μl of removed 12 
culture was measured for optical density (OD600, Figure S11) and total VioB-mCherry production (RFP output, 13 
Figure 2E) using the Microplate Reader. Red fluorescence and green fluorescence (from the capacity monitor) 14 
of individual cells in these cultures was simultaneously determined by flow cytometry with a modified Becton 15 
Dickinson FACScan flow cytometer capable of parallel measurement GFP and RFP. Cells were diluted in water 16 
and passed through the cytometer for 30 s. A 488-nm laser was used for excitation of green fluorescence 17 
detecting through a 530 nm band pass filter (FL1-H). Red fluorescence used a 561 nm laser and 610 nm filter 18 
(FL2-A). Data analysis and presentation (Figure S12) was performed in FlowJo (Treestar Inc.), gating forward 19 
and side scatter appropriately for E. coli cells.  20 
 21 


